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A bstr act

BLAST is the mog popular bioinformatics tool and is usedto run millions of queries each
day. Howewer, evaluating sud queries is slow, taking typically minutes on modern workstations.
Therefore, continuing ewlution of BLAST | by improving its algorithms and optim isations
| isessetial to improve search times in the face of exponertially -increasing cdlection sizes.
We present an optimisation to the rst stage of the BLAST algorithm sped cally designed
for protein search. It producesthe same results as NCBI-BLAST but in around 59% of the
time on Intel-based platf orms; we also present results for other popular architectures. Overall,
this is a saving of around 15% of the total typical BLAST seach time. Our approach usesa
deterministi ¢ nite automaton (DFA), inspired by the original scheme usedin the 1990 BLAST
algorithm. The technigues are optimised for modem hardware, making careful use of cache-
consgous approachesto improve speed. Our optimised DFA approach has beenintegrated into
a new version of BLAST that is freely available for download at http: // wwv.f sa-bl ast. org/
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1 Intro duction

BLAST s staggeringly popular: it is used over 120,000 times each day (McGinnis and Madden,
2004) at the NCBI webstel, it is installed at hundreds of institute s, seweral hardware-dependent
implementations are available and many variations of it s algorithm s have been published including
PSI-BLAST (Altschul et al., 1997), MegaBLAST (Gotea et al., 2003), PHI-BLAST (Zhang et al.,
1998) and RPS-BLAST (Schaer et al., 1999). Indeed, the 1997 BLAST paper (Altschul et al.,
1997) has beencited over 10,000 times? in electronically- available manuscripts.

While BLAST is popular, it it not perfect. A typical seart of a fraction of the GenBank
databaserequires several minuteson modern desktop hardware. With perhaps millions of queries
each day being run, this represents a very signi cant investment in computing resaurces. Accord-
ingly, there is enormous benet to any improvement of the BLAST algorithm that can reduce
typical runtimes wit hout a ecting accuracy. This paper proposessuch an improvement to the rst
stage of the algorit hm.

The rst stage of BLAST | and many other homology search tools | involves idertifying
hits: short, high-scoring matchesbetween the query sequence and the sequenceg$rom the collection
being seached. The de nition of a hit and how they are identied die rs between protein and
nucleotide searches, mainly becauseof the di e rence in alphabet sizes. For example, for BLAST
nucleotide seach, an exad match of length 11is required. However, for protein seaarch, it requires
a match of length 3 and inexact matches are permitted. Indeed, BLAST usesan algorithm ically
di erent approach to hit detection for protein and nucleotide seaches.

Seeral nucleatide search tools usespaced seeds to perform hit detection, including MegaBLAST
(Goteaet al., 2003), BLAT (Kent, 2002), BLASTZ (Schwartz et al., 2002) and PatternHunter (Li
et al., 2004; Ma et al., 2002). Spaced seedsusea binary mask string, such as111010010100110111,
where matches in all of the 1 positions are required for a hit and 0 denotes allowed mismatches.
Patt ernHunter usesspaced sedls to achieve better sensitivity and faster seach timesthan BLAST
for nucleotide queriesbut is not suitable for searching larger cdlections such as GenBank (Li et al.,
2004). MegaBLAST, BLAT and BLASTZ aresigni cantly lesssenstivethan BLAST. Brown (2005)
presents a framework for using spaced seals in protein search and demonstrates that spaced sedals
can achieve comparable seach accuracy to the continuousseal usedin BLAST and produce roughly
25% as many hits. Howewer, we obsave in Section 2.2 that reducing the number of hits does not
necessary translate to faster search times. Further, Brown does not presen experimental results
comparing the two approaches. Therefore, the original BLAST approach of scanning the ertire
databaseusing a contin uous seedremains, to our knowledge, the fastest and most sensitive method
for performing protein seard.

In this paper, we investigate algorithmic optimisationsthat aim to improve the speed of protein
seach. Sped cally, weinvestigate the choiceof data structur e for the hit matching process and ex-
perimentally compare an optimised implemertation of the current NCBI-BLAST codeword lookup
approac to the useof a deterministic nite automaton (DFA). Our DFA is highly optimised and
carefully designedto take advantage of CPU cache on modern workstations. Our results show that
the DFA approach reducestotal search time by 6%{30% compared to codeword lookup, depending
on platform and parameters This represents an around 41% reduction in the time required by
BLAST to perform hit detection; this is an important gain, given the millions of seachesthat are
executed each day. Furthermore, the new approach can be applied to a range of similar protein
seach tools. We also explore the eect of varying the word length and neighbourhood threshold
on the hit detection process.

!See: http ://ww w.ncbi.n Im.ni h.gov/
2See: http ://sc holar.go ogle. com/



This paper is organised as follows. We describe the BLAST algorithm and experiment with
varying the word sizeand thresholdin Secion 2. In Section 3 we discussthe data structur es used
for hit detection in BLAST . We compare our new DFA approach to the original codeword lookup
scheme in Sedion 4. Finally, we provide concluding remarks and desgibe planned future work in
Secion 5.

2 Background

This section preseris a background on the four stages of the BLAST algorithm, a detailed descrip-
tion of the rst stage hit detection processusedin NCBI-BLAST, and key BLAST parameters.

2.1 BLAST

The BLAST algarithm hasfour stages. The r st identi es hits and is the focus of this paper. The
semnd performs ungapped extensions, the third performs gapped alignment, and fourth computes
tracebads for result presernation to the user. A brief summary of stages two to four is presented
here, and detail can be found elsewhere (Altschul et al., 1990, 1997).

Stage 1

In the rst stage, BLAST carries out a comparison of a query sequencej to ead subject sequerme s
from the collection of sequencesbeing seached using the algorithm of Wilbur and Lipman (1983).
Todothis, xed-length overlapping subsequertesof length W are extracted from the query sequence
g andthe current subject sequences. For example, supposeW = 3 and the following short sequence
is processed: ACEFGHKLMNPQThe words extracted from the sequence are as follows: ABC BCD
CIE, DEF EFG GHI| HIK, and so on. In the r st stage all subject sequemes are exhaustively,
sequetially processedfrom the cdlection being seached, that is, each subject sequenceis read
from the database,parsed into words of length W, and matched against the query.

The matching processidenti es words in the query that are hits with words in the subject.
Hits may not be exact: a match between a pair of words is considered high scaing if the words
are identical, or the match scaes above a given threshold T when scored using a mutation data
matrix. The T parameter is discus®d in Section 2.2.

To match query and subject words, BLAST uses a lookup table | asillustrat edin Figure 1 |
constructed from the query segquence and alignment scaing matrix. The table contains an entry
for every possitle word, of which there are aV for an alphabet of size a; the example in Figure 1
illustrates the table for an alphabet of sizea = 3, with three symbols A, B, and C and a word length
W = 2. Asscociated with each word in the table is a list of query positions that denote the one or
more o s ets of a hit to that word in the query sequence In the example table, the word ABhas
hits at query positions 1 and 3. The query segquenceis showvn at the baseof the gure, where the
exact word ABoccurs at position 1 and a close-mathing hit (CB occurs at position 3.

The seach process using the lookup table is straightforward. First, the subject sejuenceis
parsed into words. Second, each subject word is searched for in the query lookup table. Third,
for each matching position in the query, a hit is recorded. Last, when a hit is recaded, a pair
of positions, i; j, that identify the match between the query and subject are passedto the semnd
stage

The r st stage of NCBI-B LAST consumeson average 37% of the total seard time (Cameron
et al., 2004). In Secfon 3, we discussthe design of the lookup table in more detail, including how
enriesare accessed and query positions are stored within the structure.



Lookup table (W=2 T=7):

Scoring matrix:

AA
AB —=1,3 ABC
AC Al5|-1]2
BA —=2 B/ -1/6|0
BB —= 4

ARE
BC — 2 c 0
CA
CB 1,3 Query sequenceAB CB B
CC 12345

Figure 1. The lookup table used to identify hits. In this example, the alphabet contains 3 characters:
A B, and C The lookup table to the left is constructed using the soring matrix and query sggquen@
to the right with a word sizeW = 2 and threshdd T = 7. The table contains a¥¥ = 32 = 9 entries,
one for each possble word, and each entry has an assaiated list of que'y positions. The query
positions identify the starting position of words in the query that swre above T when aligned to the
subject word.

Stage 2

The second stage determines the diagond d of each hit by calculating the di erence in the query
and subject osets, that is, d=j i. If two hits h4[i1;j1] and hyi,;]j2] are located on the same
diagonal and are within A residues,that is,i, i1 A, an ungaped extension is performed. An
ungapped extensionlinks two hits by computing scaes for matches or substit utions between the
hits; it ignoresinsertion and deletion events, which are more computationally expensive to evaluate
and calculated only in the third and fourth stages. After linking the hits, the ungapped extension
is processed outward until the scoredecreasesby a pre-de nedthreshold. If the resulting ungapped
alignment scaes above the threshold S1, it is passedto the third stage of the algorithm. The
semnd stage of NCBI-B LAST consumes on average 31% of the total search time (Cameron et al.,
2004).

The r st two stages are ill ustrated on the left side of Figure 2. The short black linesrepresent
high-scaing hits of length W between a query and subject sequence.There are eight hits in total
and two caseswhere a pair of hits are located on the samediagonal lessthan A residuesapart. For
thesetwo cases,an ungapped extension is performed as illustrated by a grey line. In this example,
the longer, central ungapped alignment scaesabove the threshold S1 and is passed onto the thir d
stage of the algorithm; the shorter alignmert to the left does not.

BLAST can alsobe run in one hit mode, where a single hit rather than two hits is required to
trigger an ungapped extension. This leads to an increasein the number of ungapped extensions
performed, increasing runtimes and improving seach accuracy. To reduce the number of hits, a
larger value of the neighbour threshold T is typicaly usedwhen BLAST is run in one hit mode.
The original BLAST algorithm (Altschul et al., 1990) usedthe one hit mode of operati on, and the
approacd of using two hitsto trigg er an ungapped extension wasone of the main changesintro duced
in the 1997 BLAST paper (Al tschul et al., 1997).
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Figure 2: The four stagesof the BLA ST algorithm. In stage 1, shat hits between the query and
subject are identi e d, shown as short blacklines in the left g ure. In stage 2, an ungaped extenson
is performed, as shown as grey lines in theleft gure. The right gur e il lustrates gapped alignment,
where the high-soring ungapped alignment from stage 2 is explored in stages3 and 4.

Stages 3 and 4

In the third stage, dynamic programming is usedin an attempt to nd a gapped alignment that
passeghrough the ungapped region. To do this, a start or seed point is chosen from the ungapped
alignment, then dynamic programming is usedto n d the highest-soring gapped alignment that
passesthrough that point. If a high-scaing alignment is found, it is passedto the fourth stage
where alignment traceback information is recarded for display to the user.

The right side of Figure 2 illustrates the gapped alignment stages. In this example, the high-
scaing ungapped alignment identi ed in the semnd stage is considered as the basis of a gapped
alignment. The black line shows the resulti ng high-scaiing alignmert identi ed in stagethree The
third and fourth stages of NCBI-BLAST conaume on average 32% of the total search time. We
have recertly described optimisations to these stages elsavhere (Cameron et al., 2004).

2.2 Varying the word size and thresh old

The T parameter descibed in the previous secion a e cts the speed and accuracy of BLAST.
Consgder the example mutation data matrix and query sequenceshownn in Figure 1 and a setting of
T = 7. Observing the matrix, a match between the word BA and BCscores8, since the intersecton
of the row and caumn labelled B is a scoreof 6 and between Aand Cis 2. Since the threshold is
T = 7, a match between BAand BC s a hit, and so occurrences of BAor BCin the query match
ocaurrencesof BAor BCin the subject. High values of T restrict the number of neightburhood words
that match a word, resulting in lesssensitive but fast seard. Low valuesof T expand the number
of neighbourhood words, with the opposite eect s. Careful choice of T, for each W and scoring
matrix pair, is crucial to BLAST performance.

NCBI-BLAST usesdefault valuesof W = 3and T = 11 for protein seach (Altschul et al., 1997).
To investigate the e ect of varying thesetwo parameterswe conducted the following experimert: for
each valueof W = 2;3;4;5, weidenti ed avalueof T that provideda similar accuracyto the default
of W = 3and T = 11. Wethen usedour own implementation of BLAST to perform 100 searchesfor
each parameter pair between queriessdected randomly from the GenBank non-redundant protein



Table 1: A comparison of BLAST statistics for pairs of W and T that resultin similar accuracy.
The average number of hits, ungapped extensiors, and gapped extensionsand SCOP test ROCgg
swres are shawvn.

Settings Total Hits Total Extensions ROCxyg
(Ungapped) (Gapped) soore

W=2T=10 812500,081 80571433 53,063 0.382
W =3, T=11 428902,038 17,785,578 47,264 0.380
W=4T=13 219446,068 6,113,400 43,682 0.380
W=5T=15 111574,045 3,670,768 40,116 0.378

database and the ertire database. We recarded the average number of hits, ungapped extensions,
and gapped extensions for each parameter pair. The results of this experiment are shown in Table 1.

Accuracy was measured using the SCOP test, a technique frequently usedto assesgetrieval
performance(Brenner et al., 1998; Chen, 2003; Park et al., 1998). For the test, we usedversion 1.65
of the ASTRAL Compendium for Sequenceand Structure Analysis (Chandonia et al., 2004). The
test provides a Receiver Operating Characteristic (ROC) scorebetween0 and 1, where a higher score
re ects better sensitivity and sdedivit y. The version of the GenBank database used throughout
this paper was downloaded 17 November 2004 and cortains 2,163,936 sequence in around 712
megabytes of sequencedata. Our version of BLAST that was used for testing is referred to as
FSA-BLAST (which stands for Faster Search Algorithm - BLAST) and is available for download
from htt p:/ wwwfsa -bl ast. org/ . FSA-BLAST alsousesthe semi-gapped and gapped alignment
algorithms described in our previous work (Cameron et al., 2004).

Table 1 showsthat alonger word length W can be used to achieve comparableaccuracywit h far
lesscomputation. For example, the parameter settingsW = 5and T = 15 achieve similar accuracy
to W = 2and T = 10, while generating 86% fewer hits, 95% fewer ungapped extensons, and
14% fewer gapped extensions. Unfortun ately, the reduction in computation for long word lengths
does not necessarily translate to faster runtimes. This is because the data structures required for
lookups with long word lengths are much larger and cannot be maintained in CPU cache

CPU caches are typically no more than one megabyte in size and store data that hasbeenre-
cently accessedor data that islocated nearrecently- accessd data. CPU cache performance, design,
and characteristics vary across platforms and architectures. However, in general for memory-based
tasks, data structures that are smaller and cluster related data make better use of cache and are
faster on most architectures. Such data structures and algorithms are referred to as being cache
conscious

The next sedion discussescache-mnsciais data structures and algorithms for the r st stage of
BLAST. Our aim in developing these structuresis to permit the computational savings of longer
word lengths to result in faster runti mes.

3 Data Structures for Fast Hit Matc hing

In this sedion, we discuss data structures for hit detection during the BLAST r st stage. We
describe in detail the codeword lookup table used by NCBI-BLAST, and then our new cache-
consdous deterministic n ite automaton. Results are preseried in Secion 4.



3.1 NCBI -BLAST Codeword Lookup

We have shavn a schematic of the lookup table usedby NCBI-B LAST in Figure 1. This secion
describesthe implementation in more detail.

In NCBI-BLAST, each cdlection to be seached is pre-processedonce using the formatdb tool
and each amino-add coded as a 5-bit binary value. The representation is 5 bits becausethere are
24 symbols | 20 amino-acids and 4 IUPAC-IUBM B amino-acid wildcard character substitutio ns
| and24< 25 For fast table lookup, W 5-bit represernations are read and concaenated togeher,
then usedas an o set into the codeword lookup table; this providesunambiguous, perfect hashing,
that is, a guaranteed O(1) lookup for matching query positionsto each subject sequencevord. The
table has aV slots for an alphabet of size a and word length W. For a = 24 symbolsand W = 3,
a word requires 15 bits and the table has 243 = 13; 824 slots.

During search, cdlection sequemresare read code-by-code, that is, 5-bit binary values between
0 and 23 decimal inclusive are read into main-memory. Since codewords overlap, each codeword
(except the rst two in ead saquence sharestwo symbols with the previous codeword. Therefore,
to construct the current codeword, 5 bit s are read from th e sequence and binary mask (&), bit-shift
(<<), and OR (j) operations applied. Condder an example. After reading codes for the letters
T, Q and A the current codeword contains a 15-bit representation of the threedetter codeword
TQ\ Supposethe code for Cis read next, and the codeword needsto be updated to represen the
codeword QACTo achieve this, three operations are performed: rst, a binary masking operation
is usal to remove the r st 5 bits from the codeword, resulting in a 10-bit binary representation of
QA second, a left binary shift of 5 placesis performed and, last, a binary OR operation is usedto
insert the code for C at the end of the codeword, resulting in a binary represenration of the new
codeword QACThe new codeword is then usedto look up an entry in the table.

Each slat in the lookup table contains four integers. The r st integer speci es the number of
hits in the query sequence for the codeword, and the remaining thr ee intege's spedfy the query
positions of up to three of these hits. If there are more than three hits, the rst query position
is stored in the table and the remaining query positions are stored outside the table, with their
location recordedin the ertry in place of the semnd query position. Figure 3 ill ustratesa fraction
of the lookup table: the example shows two codewords that have two and zero query positions, and
one codeword that uses the external structure to store a total of v e word positions.

Storing up to three query positions in the lookup table improves spatial locality and, therefore,
takes advantage of CPU caching eects. A codeword with less than three hits can be accessed
without jumping to an external main-memory address Assuming slots are within cadhe, the query
positions can be retrieved wit hout accessing main-memory. However, storing query positionsin the
table increasesthe table size: asthe sizeincreases,lessslots are stored in the CPU cache.

In additi on to the primary lookup table, NCBI-BLAST uses a seondary lookup table to reduce
seach times. For each word, the semndary table contains one bit that indicatesif there are any
hits for that word. If no hits exist, the seach advancesimmediately to the next word wit hout the
needto seach the larger primary table. This potentially results in faster search times becausethe
smaller seondary table is compad (it stores aV' bits) and can be accessedfaster than the larger
primary table.

The average sizes of the NCBI-BLAST codeword lookup tables for the valuesof W and T used
previously are shown in the left column of Table 2. As W increases, so does the table size when
W = 4, the table is around 12 Mb in size, much larger than the available cache on most modern
hardware. This is probably why word sizesof W = 4 or larger are disabled by default in NCBI-
BLAST. The semndary table is considerably smaller than the primary table acrossthe range of
word lengths, sothat codewords that do not generatea hit are lesslikely to result in a cache miss.



QTA No. hits = 2

Query pos. 1 =330
Query pos. 2 =471
Query pos. 3 = <unused> 132

QTB No. hits = 0

Query pos. 1 = <unused> 243
Query pos. 2 = <unused>
Query pos. 3 = <unused>

QTC No. hits =5 511
Query pos. 1 = 37

Query pos. 2 = ext. addres
Query pos. 3 = <unused>

330

Figure 3: Three slats from the lookup table structure used by NCBI- BLAST. In this example, W = 3
and the words QT QI'B and QTC have two, zem, and ve assciated query positions respectively.
Since QIC has more than three query positions, the rst is stored in the table and the remaining
positions are stored at an external address.

Table 2: Average size of the codewad lookup and DFA lookup table structures for 100 queries
randomly seleted from the GenBank non-redundant protein database. Values of W and T with
comparable accuracy were used. Experiments were conducted using our own implementation of the
DFA structur e and the codewad lookup structure used by NCBI-BLAST version 2.2.10 with minor
modi ¢ ations to allow word sizes 4 and greater.

BLAST Parameers Codeword lookup Deterministic n ite
Primary Secmdary automaton
W=2 T=10 13 Kb 1Kb 2 Kb
W=3 T=11 392Kb 3 Kb 22 Kb
W=4 T=13 12,320 Kb 96 Kb 257 Kb
W=25 T =15 393,374 Kb 3,072 Kb 3,011 Kb

3.2 Determin istic ni te automa ton

The original versionof NCBI-BLAST (Altschul et al., 1990) used a deterministic n ite automaton
(DFA) (Sudkamp, 1997) similar to the one we describe here, but it was abandoned in 1997 for
the lookup table approach deseibed in the previous section. In this section, we proposea new
cache-consdous DFA desig for fast codeword lookup. We rst desaibe the original DFA structure
used by BLAST, and then deseibe our new cache-consdous DFA designand se\eral optimisations
that can be applied to the new structure.

The DFA approad is fundamertally di erent to the lookup table scheme. Rather than gener-
ating a unique numeric value for ead codeword, the lookup structur e represents the query as states
and transtions between those states. The DFA structure employed by the original BLAST is as
follows: ead possiblepre x of length W 1 of a word is represerted as a state, and each state has
transitionsto a possible next states. Asscciated with each transiti on is a list of zeroor more query
postions.

Figure 4 shows a portion of an example DFA that has been constructed using a simpli ed



CB state BA state AB state

A Query pos = none A Query pos = none A Query pos = noneg
@ Next state = BA 0 Next state = AA 0 Next state = BA
:g B Query pos = none ;8 B Query pos =1 ;8 B Query pos =2
% Next state = BB % Next state = AB % Next state = BB
= C Query pos = none s C Query pos = none s C Query pos = none
Next state = BC Next state = AC Next state = BC

Figure4: The original DFA structure used by BLAST. In this examge a = 3 and the query sequene
is BABE. The three states shown are those visited when the sulject sequen@ CBAB is processel.

alphabet with size a = 3 and an example query sequence BABEB. Three states with a total of
nine transitions are shown. The B transition from the BAstate contains the single query position
1 becausethe word BABappears in the query begnning at the rst character. Similarly, the B
transiti on from the ABstate contains the single query position 2 becausethe word ABBappears in
the query beginning at the secad character.

The structure is used as follows. Supposethe subject sequenceCBMBBis processed. After the

r st two symbols C and B are read, the current state is CB Next, the symbol A is read and the
transiti on Afrom state (B is followed. T he transiti on doesnot contains any query positions and the
seach advances to the BAstate. The next symbol read is B and the B transition is followed from
state BAto state AB The transiti on contains the query position 1, which is used to record a hit.
Finally, the symbol Bis read and this producesa single hit becausethe B transition out of state AB
contains the query position value 2.

The structure we have described is as usedin the original verson of BLAST. The original DFA
implementation used a linked list to store query positions and stored redundant information, making
it unnecessarily complex and not cache-ansciaus. This is not surprising: in 1990, generalpurpose
workstations did not have onboard cachesand genomic callections were considerably smaller, mak-
ing the desig suitable for its time. However, the general DFA approach has several advantages
over the lookup table approach, which we have exploited in our own DFA design:

1. It is more compact. The lookup table structure hasunusedslats, sinceeight of the 5-bit codes
are unused

2. Flexibility is possble in where query positions are stored, wit hout a e cting caching behavior.
We take advantage of this in the DFA structure we propaose: we store query positions outside
of the matching structure, immediately preceding the states; this reducesthe likelihood of a
cache miss when an external list is accessed. We terminate query position lists with a zero
value

3. Words do not map to codewords, that is, to o s ets within the structure. Therefore, data can
be organised to cluster frequenly-accessedstates, maximising the chances that frequertly-
accesseddata is cached. In the DFA we propose we store the most-frequertly accessed
states clustered at the certre of the structur €; to do this we usethe Robinson and Robinson
badkground amino-acid frequencies (Robinson and Robinson, 1991)

4. Transitionswit hin each state can be arrangedfrom most- to least-frequertly occurring amino-
acid residue, improving caching e ects and minimising the size of the o set to the query
positions. We do this in our DFA by assigningbinary values to amino-acids in desceding
order of frequency
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C state B state A state

A Words block = CA A Words block = BA A Words block = AA
@ Next state = A o Next state = A @ Next state = A
o o
£ g | Words block = CB 2 g | Words block = BB 2 g | Words block = AB
= Next state = B % Next state = B = Next state = B
= c Words block = CC = C Words block = BC = c Words block = AC
Next state = C Next state = C Next state = C

CB prefix words BA prefix words AB prefix words
CBA | Query pos = none BAA | Query pos = nong ABA | Query pos = nong
CBB | Query pos = nong¢ BAB |Querypos=1 ABB | Query pos =2
CBC | Query pos = non¢ BAC | Query pos = nong ABC | Query pos = nong

words
words
words

Figure 5: The new DFA structure. In this exanple a = 3 and the query sequence is BABBC The
gur e shows the portion of the new structure that is traversad when the exampe sulject sequene
CB\BBis processel.

A drawback of the original DFA is the requirement of an additional pointer for each word,
resuting in a signi cant increasein the size of the lookup structure. To examine this e ect, we
experimented with 100 query sequences randomly selected from the GenBank databaseand found
that pointers consume on average 61% of the total size of the structur e when default parameters
are used. Howewer, it is possibleto reduce the number of pointers as we discuss next.

The next state in the automaton is dependent only on the sux of length W 1 of the current
word and not the entire word. We can therefore optimise the structur e further: each state corre-
sponds to the su x of length W 2 of a word, and each transition corresponds to the sux of
length W 1. Each transition has two pointers: oneto the next state, and one to a collecion of
words that sharea common pre x. The words are represerted by entriesthat contain a reference
to a list of query positions. As each symbol is read, both pointers are followed: one to locate the
query positions for the new word and the other to locate the next state in the structure.

This new DFA isillustrated in Figure 5. Again, we usethe example query sequerte BABCand
the diagram only shows the portion of the structure that is traversad when the subject sequence
CB\BBis processed.Consider now the processingof the subject sequence.After the r st symbol
Cis read, the current state is C Next, the symbol Bis read and the B transition is considered. It
provides two pointers the rst to the new current state, B, and the secad to the (B pre x words.
The next symbol read is A and two events occur: r st, the word CBAfrom the (B pre x words
is checked to obtain the query positions for the word, of which there are none in this example;
and, second, the current state advancesto A Next, the symbol Bis read and the word BABIn the
cdlection of BA pre x words accessad and a single hit is recorded, with query position 1. The
current state then advancesto B. Finally, the symbol B is read and the word ABBof the AB pre x
words is conault ed and a single hit is recorded, with query position 2.

ThisnewDFA structur e requires more computation to traversethan the original: aseach symbol
is read, two pointers are followed and two array lookups are performed. In contrast, the original DFA
structur e requires one pointer to be followed and one array lookup to be performed However, the
new DFA is considerably smaler and more cache-conscious, sincethe structure containssigni cantly
fewer pointers. Despite each state containing two pointers, there are a™ 1) instead of aV states.
Further, there are additi onal optimisationsthat have beenapplied to the new DFA, aswe desaibe
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Figure 6: Example of query position reuse. The word ABB produces a hit at query positions 16, 67,

and 93, the word ABA produces a hit at query position 16 and the word ABCdoes not produce any

hits. A simple arrangementis shown on the left. A more space e cient arrangement that reuses
query positions is shown on the right.

next.

The new structure o ers the ability to reuse cdlections of words with a common pre X, suc
as those shown in Figure 5. If two cdllections sharethe same set of query positions, for the same
respedive sux symbols, a single collection can be usedfor both. In this event, the words block
eld of the two transitions point to a single collection of words. This reuse leads to a further
reduction in the overall size of the lookup structure.

In the new DFA, query positions are stored immediately preceding each cdlection of words
with a common pre x. The distance between the r st word in the cdlection and the start of the
guery positions list is recorded for each word, where a zero value indicates an empty list. As part
of this new structure, we have developed a tednique for reusng query positions between words
with a common pre x. An existing list of query positions M = my;:::;mjy; can be reused to
store a seond list N = ng;:;npyj in memory if jNj  jMj and N isthe sux of M, that is,
Mijmj i = Njnj i forall 0 i jNj. Becausethe order of the query positions within an ertry
is unimportant, the lists can be rearranged to allow more reuse We have deweloped a grealy
algorithm that producesa nea-optimal arrangement for minimising memay usage. The algorithm
processesthe new lists from shortest to longest and considers reusng existing lists in order from
longestto shortest A more detailed study of the query postion rearrangement and reuse problem
is planned for future work. However, in practice our results show that our current approach is
e c ient and e ective. An example of query position reuseis shown in Figure 6. A simple and less
space e ci ent arrangemert is showvn on the left-hand side. On the right-hand side of the gure
the query positions are rearrangedto permit reusebetween the words ABAand ABB The strategy
further reduces the table sizewithout any computational penalty.

To further optimise the new structur e for longer word lengths, we have reduced the alphabet
size from a = 24 to a = 20 during construction of the structure by excluding the four wildcard
characters: V, B, Z, and X Thesefour characters are highly infrequert, contributing a total of less
than 0.1% of symbol occurrencesin the GenBank non-redundant database. To do this, we replace
each wildcard character with an amino-add symbol that is used only during the rst phase of
BLAST. This has a negligible e ect on accuracy: Table 3 shows there is no perceivable change
in ROC saore for the SCOP test, despite a small change in total hits between the queries and
subject sequences. The approach of replacing wildcard characters with basesis already employed
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Table 3: E e ct on seaarch accuracy of substituting non-wild characters for wildcards during the r st
stage of BLAST search. ROCsq scores were measured using the SCOP database and number of hits
was measure by searching 100 randomly seleted queries against the entire GenBank non-redundant
database. Our BLAST implementation was usel.

No wildcard substitutio n Wi ildcard substit ution

Total hits ROC5g Total hits ROCsq
W=2T=10 812500081 0.382 815,203,770 0.382
W=3,T=11 428902038 0.380 429,296,279 0.380
W= 4,T=13 219446068 0.380 219,706,636  0.380
W=5T=15 111574045 0.378 111,785,042 0.378

by BLAST for nucleotide seaches, as originally proposedby Williams and Zobel (1997).

Our n al optimisation is to store query positions as 16-bit integers where possble, instead of
32-bit integersas usedin NCBI-B LAST. In the casewhere 32-bit integers are required | because
the query exceeds 65,536 symbolsin length | we usethoseinstead.

The size of this optimised deterministic n ite automaton for valuesof W = 2;3;4;5 is shown
in Table 2. The new structure is considerably smaller than the NCBI-BLAST codeword table: for
example, when W = 4 it is roughly 2% of the size of the codeword lookup table, and small enough
to t into the available cache on most modern processors

4 Results

This sedion presents the result s of our experiments with various implementations of the rst stage
of BLAST.

We presen a comparison of the NCBI-BLAST codeword lookup approach, our optimised imple-
mentati on of the NCBI-BLAST approach, and an implemertation of our optimised DFA scheme.
All code was compiled using the samecompiler agsas NCBI-BLAST. The NCBI-BLAST imple-
mentation is version 2.2.10 with a minor modi cation to permit experimentation with word lengths
W = 4 and greaer. All experiments used default SEG Itering (Wootton and Federhen, 1993) of
the query seguences and NCBI-BLAST default parameters except where noted.

Collections and queriesare asdescribed in Sedion 2.2. The best elapsead time of thr ee runs was
recarded for each query, and then query times averaged across 100 queries. All experimerts were
carried out on machinesunder light load, with no other signi cant processes running. Four modern
workstatio ns were usedin the experiments: an Intel Pertium 4 2.8 GHz with 16Kb L1 cache, 1Mb
L2 cache and 2 Gb of RAM; an Intel Xeon 2.8GHz with 16Kb L1 cache, 512Kb L2 cace, 1Mb
L3 cache and 2 Gb of RAM ; an Apple PowerMac G5 dual processor2.5GHz with 64Kb L1 cache,
512Kb L2 cache and 1.5 Gb of RAM; and, a Sun UltraSPARC-IIli 1280 MHz with 96Kb L1 cadce,
1Mb L2 cache and 1 Gb of RAM.

Table 4 shows a comparison of our implemertation of the NCBI table-based approach to the
original NCBI-B LAST version. With our optimisations| including minor changes to reduce the
computation involved in constructing codewords and accessingthe primary and se@ndary lookup
tables| elapsedquery times for stage one are typically around 70% to 80% of the NCBI-B LAST
times. The exception is the PowerMac G5, where our optimisations result in an 8% speed up. We
believe the di e rent performance on the PowerMac is due to a relative di erence in fundamental
costs| of shifts, additi ons binary OR, and incremerts | betweenit and the other platforms. We
use our implemenation as a basdine in the experiments reported in the remainder of this section.
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Table 4: A comparison of BLAST stage one times between NCBI- BLAST and our own implemen-
tation of table-based codewad lookup hit detection, using default parametersof W = 3and T = 11
The percentage of the NCBI-BLAST runtime is also shown.

Machine NCBI-BLAST Optimised Codeword

(secs) (sew®) (%)
Intel Pertium 4 10.92 8.63 79%
Intel Xeon 10.60 8.26 78%
Sun UltraSPARC 18.58 1327 71%
PowerMac G5 9.56 8.75 92%
60— Intel Pentium 4 Intel Xeon Sun UltraSPARC  PowerMac G5
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Figure 7: A comparison of BLAST total saarch times for table-lasad codewad lookup and opti-
mised deterministic nite automaton (DFA) designs. Experiments were conducted usingW and T
parameters pairs with similar accuracy on four di er ent hardware architectures.

Figure 7 shows a comparison of the optimised table-basedand DFA schemesusing our own
implementation of BLAST. Theseresults show overall BLAST search timesfor each of the W and
T parameters pairs with similar acauracy, except for W = 5and T = 15 which did not produce a
runti me below 50 semnds on any of the architecturestested. The DFA is signi cantly faster: for
the default W = 3 setting, it resuts in 10% faster average runtimes, and is around 15% faster on
the commonly-used Intel platforms; thisis equvalent to a 41% speedup in the r st stage of BLAST.
Importantly, becausethe compact DFA structure cadches e ectively, it is practical for W = 4, where
the elapsed query times are almost identical to W = 3 and 35%{50% faster than the table-based
scheme for the samesetting; the DFA is therefore a practical structure for W = 4, a parameter
disabled by default in NCBI-B LAST.

Figure 8 shows a comparison between the one hit and two hit modes of operation using our
newimplementation of BLAST and our optimised DFA structure. Theresuts show overall BLAST
seach timesfor valuesof W and T with comparable acauracy. For one hit mode we useal parameters
W = 3, T = 13which result in a ROCsg score of 0.384, and parametersW = 4, T = 15 which resut
in a ROCsg scae of 0.383. Resuts for valuesof W = 2 and W = 5 are not shown becausethey did
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Figure 8: A comparison of BLA ST total saarch times for one hit and two hit modes of operation,
using our implementation of BLAST and the optimised DFA structur e. Experiments were conducted
using W and T parameters pairs with similar accuracy on four di erent hardware architectures.

Table 5: Runtime comparison between NCBI-BLA ST and FSA-BLAST using default parameters.
The percentage of NCBI-BLAST runtime is also shown.

NCBI-BLAST FSA-BLAST

(secs) (secs) (%)

Intel Pentium 4 30.58 20.89 68%

Intel Xeon 30.22 2054 68%

Sun UltraSPARC-I11i 46.42 32.21 69%
PowerMac G5 22.83 18.33 80%

not produce runtimes below 60 seconds for one hit mode of operation on any of the architectures
tested. The resuts conr m that BLAST isfaster whenrun in two hit mode, in agreement with the
1997 BLAST paper (Alt schul et al., 1997). However, we note that for W = 4 the spedal di e rence
between one hit and two hit is signi cantly smaller than for W = 3.

Table 5 shows an overall comparison betweenNCBI-BLAST and FSA-BLAST : our own imple-
mentati on of the BLAST algorithm. FSA-BLAST usesthe new optimised DFA and our improve-
merts to the gapped alignment stagesof BLAST described previously (Cameron et al., 2004). Our
implementation is around 30% faster on Intel and Sun platforms, and 20% faster on the Apple
PowerMac G5. Around 15% of this speedup can be attributed to our improvements to the gapped
alignment stages, while the remainder is due to the work described in this paper. Importantly,
there is no signi cant eect on accuracy: the ROCsg soore for NCBI-B LAST is 0.379 comparedto
0.380 for our implementation.
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5 Conclusion

We have explained, optimised, and proposal structuresfor the r st, hit detedion phasein BLAST
with the aim of improving overall BLAST runtimesfor protein search. Hit detection matcheswords
extracted from subject sequence against a structure derived from the query sequence. To do this,
NCBI-B LAST usesa table-basel lookup approach, a structur e we have investigated and optimised
for our experiments.

We have proposed using a deterministic nite automaton (DFA) for fast, cache-conscious match-
ing. Our scheme is opti mised based on properties of the matching process and desighed to make
e ective use of modern hardware. Our experiments show this approach works well: it typicaly
improves overall BLAST seach times by around 15% compared to our implementation of the
NCBI-B LAST approadh; our implementation of the table-based scheme is in turn around 20%
faster than the NCBI implementation. Further, our schemeis practical for BLAST seacheswith a
word length of four, a parameter value not supported by NCBI-BLAST . Our improvements to hit
detection can also be applied to other variants of BLAST, including PSI-BLAST and BLASTX,
and to other protein seach tools that use word matchesto trigger alignmert.

We have integrated the deterministic n iteautomaton into a new open-source version of BLAST,
available for download at http: //w ww.fsa-blas t.or g/. The new tool, caled FSA-BLAST, is 20-
3% faster than NCBI-B LAST for protein searches with no signi cant e ect on accuracy.

Weare currently investigati ng other optimisationsto BLAST. Theseinclude clustering of highly-
similar cdlection sequenceto further improve BLAST seart speed and optimisations sped ca lly
for the relatively-unoptimised nucleotide seach process.
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